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Abstract—Guided-wave-based structural damage identification techniques have received more and more attention in the civil 
engineering community. They not only have the capability of detecting smaller damages on a structure than vibration-based methods, 
but also can cover a relatively larger magnitude, compared with other traditional non-destructive evaluation techniques. To realize 
damage identification, features usually need to be extracted from the time domain responses. This is achievable for homogeneous 
materials, including steel and aluminum. But for composite materials, such as concrete, the features are usually very difficult to be 
extracted, because of the existence of small aggregates and the nature of uneven material properties which generate multiple 
reflections. It is very difficult to simulate the time domain responses and to identify damages by using time domain responses directly 
for such random material. Recently, a new damage identification scheme is proposed, named as DISC (Damage Identification based 
on Sparse Coding). This method is essentially a pattern recognition technique, which avoids the traditional fixed transform process 
but takes advantage of the existing data by dictionary learning techniques. This paper will review the DISC method and then apply it 
to identification of de-bonding damage in concrete beam using guided wave test data. The results will demonstrate the effectiveness 
of the DISC methodology.
I. INTRODUCTION
Reinforced concrete (RC) is one of predominant types of structural materials worldwide, due to the following advantages: 
long service life with low maintenance cost; a nearly limitless range of shapes; high structural stiffness; and high resistance to 
fire. To ensure the composite action between reinforcement and concrete, sufficient bond strength is required for load transfer 
between the two materials. However, damage, such as reinforcement corrosion, carbonation, and fatigue, may largely degrade the 
bond strength and lead to de-bonding damage. This may further lead to structural deterioration or even failure.
To protect structures from the de-bonding damage, its effective detection and identification are necessary. Although numerous 
techniques have been developed for structural health monitoring (SHM), this task remains challenging, since the bonding loss is 
insensitive to low-frequency structural responses in the traditional vibration-based methods. Due to its flexibility in selection of 
sensitive high frequency pulse, the guided-wave-based methods have been recognized as an effective and efficient way to detect 
minor damage in structures [1]. For these methods, actuator and sensor, capable of generating and receiving high frequency waves 
(usually in the range of 10-100 kHz), are needed. A pulse signal is sent from actuator(s) attached on the surface of a specimen.
The pulse will generate a very small stress wave on the specimen, and this wave will propagate across the structure. When there 
is any form of discontinuity, such as boundary, crack, area loss, part of the stress wave is reflected and another part transmitted. 
Sensors attached on the specimen receive both reflected and transmitted signals. From extracted features of the received signals,
such as delay in arrival time, wave amplitude, frequency contents, information about the damage can be derived. To select 
damage-sensitive frequencies for the induced pulse, the above process is usually under interrogation.
The direct use of damage-sensitive parameters may result in fast damage detection, while more detailed damage identification 
can only be achieved through wave propagation analysis. Wu and Chang performed a systematic study on de-bonding detection 
in RC structures using guided-wave-based method. Experimental results showed that the amplitude of the first received wave 
became bigger and the arrival time decreased slightly when the size of de-bonding area increased. A finite element (FE) model is 
used to derive a de-bonding detection algorithm for RC structures [2, 3]. However, the FE solutions become increasingly 
inaccurate and inefficient as the frequency increases, since the wavelengths are very small at high frequencies, which requires a 
very fine finite element mesh size for reliable modeling. This problem can be solved by spectral element method, since it 
formulates and solve wave propagation equations in the frequency domain. To achieve more efficient simulation and identification 
results, Wang et al. constructed a concrete-steel interface spectral element [4], which enabled the application of spectral element 
method to damage identification of RC structures.
The wave propagation analysis faces practical difficulties for simulation, since concrete is intrinsically random material. The 
existence of randomly distributed aggregates and voids, and the nature of uneven material properties, may lead to multiple 
reflections, which increases the complexity of received waves. As shown in [5], the wave propagation data on concrete-steel 
interface are very noisy, and thus hard to be used for quantitative damage identification [6]. 
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Generally, if we treat the signals acquired by sensors as data, damage identification can be regarded as a pattern recognition 
process. This is based on the premise that data acquired from a structure under different conditions are different from each 
condition. If the conditions indicate different damage types, locations, and severities, the classification of the data into different 
categories will lead to damage identification. Since 2001, a pattern recognition paradigm has been extensively studied as a solution 
for vibration-based damage identification [7]. With regard to guided-wave-based methods, Su and Ye extracted spectrographic 
features from Lamb wave signals in the time-frequency domain to construct a damage parameters database, which was then used 
to train a multilayer Artificial Neural Network (ANN) [8]. Liew and Veidt introduced a parallel ANN system to incorporate data 
fusion process, which enabled information processing from multiple sensors and improved the robustness of the system [9].
Recently, the authors developed an innovative damage identification scheme based on sparse representation and l1
optimization [10, 11]. The scheme is named as DISC (Damage Identification based on Sparse Coding) later. The central idea is 
to construct a “data dictionary” for structures under different conditions, and then to find the closest pattern from the given 
“dictionary” to match a new signal associated with unknown damage pattern. Due to its generality, the data can be acquired from 
any source, including site tests, experiments, and/or numerical simulation results. The data can be of various forms, e.g., vibration 
time history, wave propagation data, and static responses. Further, the patterns can be defined and classified by the users, e.g.,
based on different damage types, locations or severities. Therefore, DISC can be regarded as a generalized damage identification 
scheme. A complex pipe-soil interaction system was used to demonstrate the performances of DISC, which are accurate, efficient
and robust for vibration-based damage identification.
In this paper, this newly proposed damage identification scheme, DISC, will be reviewed from a dictionary perspective. The 
feature extraction and discrimination methods will be discussed. Then, guided wave testing of reinforcing bars in a RC slab with 
different de-bonding lengths will be performed. DISC will be applied to de-bonding identification using the test data. The 
successful identification results demonstrate that DISC is a promising tool for SHM.
II. METHODOLOGY
To perform damage identification using DISC, a data dictionary A needs to be constructed and damage patterns be defined 
first. The dictionary is actually a collection of normalised training data, i.e., n signals with m known structural conditions/patterns.
The signals should be acquired under the same test condition and be comparable, e.g., with the same data lengths. A typical 
dictionary with m conditions is shown in (1),
],...,,,...,,[ ,1,2,12,11,1 1 mnmn vvvvvA =  (1)
where 𝐯𝐯𝐯𝐯𝑖𝑖𝑖𝑖,𝑛𝑛𝑛𝑛𝑘𝑘𝑘𝑘 is the number 𝑛𝑛𝑛𝑛𝑗𝑗𝑗𝑗 signal vector (𝑛𝑛𝑛𝑛𝑘𝑘𝑘𝑘 = 1, … ,𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖) associated with structural pattern i (𝑖𝑖𝑖𝑖 = 1, … ,𝑚𝑚𝑚𝑚), and A is the full 
collection of existing data. The number of signals in A, n, is equal to 𝑛𝑛𝑛𝑛1 + ⋯+  𝑛𝑛𝑛𝑛𝑗𝑗𝑗𝑗 + ⋯+  𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚.
Then, an important assumption is made, that a new signal v associated with a condition j can be represented as a linear 
superposition of the training data associated with the same condition:
jj njnjjjjj ,,2,2,1,1,
vvvv ααα +⋅⋅⋅++=  (2)
where  𝛼𝛼𝛼𝛼𝑗𝑗𝑗𝑗,𝑛𝑛𝑛𝑛𝑙𝑙𝑙𝑙,  𝑛𝑛𝑛𝑛𝑙𝑙𝑙𝑙 = 1, … ,  𝑛𝑛𝑛𝑛𝑗𝑗𝑗𝑗 are the representation scalars for the new signal. 𝐯𝐯𝐯𝐯𝑗𝑗𝑗𝑗,𝑛𝑛𝑛𝑛𝑙𝑙𝑙𝑙 is the number 𝑛𝑛𝑛𝑛𝑙𝑙𝑙𝑙 signal vector (𝑛𝑛𝑛𝑛𝑙𝑙𝑙𝑙 = 1, … ,𝑛𝑛𝑛𝑛𝑗𝑗𝑗𝑗)
associated with structural pattern j. Further, v can be represented in terms of dictionary as
Azv =  (3)
where Tnjjj j ]0,...,0,,...,,,...,0,...,0[ ,2,1, ααα=z is a coefficient vector whose entries are mostly zero except those associated with 
pattern j. z is mathematically sparse, and thus sparse coding techniques can be used to find z through optimisation process. 
As for damage identification problem, both v and A are known, and the mission is to find the optimal z, which associates 
the new signal v with damage pattern j.
The system shown in (3) can be either over-determined or under-determined. Therefore, the optimal sparsest z cannot be 
solved directly, and it usually needs to be found through optimisation process. As suggested in [12], l1 optimisation is widely 
used to find the sparsest solution (sparse coding):
Azvzz == s.t.minarg 1  (4)
where 
1
⋅ is l1 norm. A number of methods have been developed for solving (4), including matching pursuit, orthogonal 
matching pursuit (OMP), basis pursuit, and Lasso. As shown in [13], OMP is superior to Lasso on both its accuracy and 
computational duration. The recent development of compressive sensing theory provided an alternative by using l1 MAGIC [14]
to solve (4), which has been used in [10, 11]. This paper will compare the performances of OMP and l1 MAGIC on their 
application to DISC.
Ideally, the nonzero entries in the estimated vector z will be associated with the columns in A from a single damage pattern. 
In this case, we can easily assign the new signal v to that damage. However, due to such factors as noise, the nonzero entries may 
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be associated with multiple damages. In this case, a further classification method is needed, which aims to find optimal z
associated to a single damage pattern. To achieve that, we need to define a new parameter )(zjδ , which is a vector whose only 
nonzero entries are the entries in z that are associated with damage j, and whose entries associated with all other subjects are zero.
Then, )(zA jδ can be obtained, which is a representation of v using data from pattern j. The difference between v and )(zA jδ
can indicate the similarity between v and signals from pattern j. Intuitively, the smaller the difference, v is more similar to those 
from pattern j and the possibility of v associated with j will be higher. The final classification result can be achieved from finding 
the smallest difference, as shown in (5):
2
)()(),( zAvzwherezminarg)zidentity( jjjj rr δ−==  (5)
where identity of z represents the identified damage class. This classification method is proposed by [15] and successfully applied 
to vibration-based damage identification [10, 11].
The DISC algorithm can be summarised as follows:
DISC algorithm
1. Input: the dictionary A (an 𝑛𝑛𝑛𝑛 ×𝑚𝑚𝑚𝑚 matrix) for m damage patterns based on training data (each with length n); and data
v (length n) of a new signal
2. Solve optimization problem (4): Azvzz == s.t.minarg 1
3. Compute 
2
)()( zAvz jjr δ−=
4. Output: )(minarg)identity( zz jj r= .
III. EXPERIMENTAL VERIFICATION
A. Experimental setup
In this study, a concrete slab (1500mm 500mm 100mm) with 5 reinforcing bars (round bar of 16mm diameter) as shown as 
Fig. 1 were constructed to verify the proposed method. Each reinforcing bar is designed to include a single de-bonding zone of 
different lengths, i.e., b = 0 mm, 21 mm, 37 mm, 58 mm and 99 mm. To simulate de-bonding damage, plastic sleeves of designated 
lengths on the steel bar was fitted at position as shown in Fig. 1 before pouring the concrete. The sleeves were sealed at both ends 
to ensure no concrete flowing into it for complete contact prevention between concrete and reinforcing bar. Before casting 
concrete, one actuator was also mounted on the surface of each steel reinforcing bar with Araldite Kit K138 at locations as shown 
in the figure. The strip actuators from APC International, Ltd. were selected in this study. It includes two thin strips of piezoelectric 
ceramic that bonded together, with the direction of polarization coinciding and are electrically connected in parallel. When 
electrical input is applied, one ceramic layer expands and the other contracts, causing the actuator to flex. In this study, only one 
ceramic layer was applied with the electrical input so that it will generate the wave. On each steel bar with de-bonding damage, 
two DT1 series piezo film elements from Measurement Specialties, Inc. were also glued to its surface with Araldite Kit K138 at
locations as shown in Fig. 1 as the sensors; whereas on the steel bar without de-bonding, four sensors were attached to the bar to 
study wave attenuation along the bar. In this study, however, only the recorded signals from the sensors immediately after the de-
bonding damage will be analysed to study the effect of de-bonding damage on wave propagation.
After placing plastic sleeves, actuators and sensors, the steel bars were placed into the formwork with a separation distance of 
about 100 mm between each other. The cover depth of the steel bars is 42 mm. After pouring concrete, the slab was covered in 
plastic for curing. The formwork was stripped after 18 days according to code requirement in AS3610. Cylinders for the slab 
were tested after 28 days. The average compressive strength, Young’s modulus and density of concrete are 40.2 MPa, 33 GPa 
and 2450 kg/m3, respectively. The strength of steel rebar is 250 MPa.
The experimental system (shown in Fig. 2) includes two parts: 1) actuating part to provide excitation or input which contains
the actuator based on piezoelectric strips and the power amplifier provides power supply; and 2) Piezoelectric sensors as to detect
the response signal which contains piezoelectric film element and its charger amplifier. NI USB-6251 is used to drive the stripe 
actuators to provide the short-time Morlet wavelet for actuating the structure by a linear power amplifier. A computer program in 
Labview was designed to adjust the frequency and number of cycles of the excitation wave, to optimize the wave propagation 
performances. It was found that waves of frequency in the range of 30 KHz to 60 KHz with 5 to 7 cycles can generate reasonable
signals that can be recorded by the sensors on the steel bars.
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Figure 1. Slab with Single De-bond Damage [16]
Figure 2. Guided wave testing system
Figure 3. Experimental results for reinforcing bars with different de-bonding lengths
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B. Damage identification results
In this study, guided wave tests were performed on each reinforcing bar repeatedly for five times. The excitation pulse 
frequency is taken as 30 kHz and the cycle is 5. Fig. 3 shows a typical excitation and recorded waves corresponding to each case 
with a single de-bonding zone. Under the same condition, the received waves are almost identical, and thus repeated test results 
are not shown in this paper. As can be seen, the received waves are sensitive to de-bonding length of the reinforcing bar.
Specifically, the amplitudes of reflected waves increase with the de-bonding length, though the excitations are exactly the same.
Other than that, the time domain results seem too complicated to be simulated using traditional FE models or spectral element 
method.
To demonstrate the effectiveness of DISC, a leave-one-out cross validation method was adopted. Namely, four of the test 
results for bars 1 to 5 were used to construct dictionary A, and the fifth test result for each bar was used as the new signal, v. In 
this study, two optimization algorithms, namely OMP and l1-MAGIC, were used in DISC to identify structural patterns under all 
five cases. To further investigate the performances of these two algorithms, the computational durations were recorded.
The results were summarized in Table I. As can be seen, the identified patterns for all “new” signals (bar 1 – bar 5) were 
correct using both algorithms. However, the computational durations are very different. Although the exact computational 
duration shows randomness to a certain degree, the average duration of DISC using OMP is almost 6 times that of DISC using l1-
MAGIC. This may not be an issue in the presented case, since the maximum duration is still acceptable (less than 20 seconds). 
However, if the dictionary becomes larger, the computational duration will increase dramatically. Under this circumstance, the 
advantage of using l1-MAGIC will be evident, especially for online SHM system.
TABLE I. DAMAGE IDENTIFICATION RESULTS
New signal
DISC using OMP DISC using l1-MAGIC
Identified pattern Computational duration(s) Identified pattern 
Computational duration
(s)
Bar 1 Bar 1 15.416087 Bar 1 2.525708
Bar 2 Bar 2 15.525303 Bar 2 2.477197
Bar 3 Bar 3 15.424999 Bar 3 2.431218
Bar 4 Bar 4 15.667791 Bar 4 2.507898
Bar 5 Bar 5 15.350323 Bar 5 2.622566
C. Discussions
This paper focuses on the application of DISC to guided wave based method. Only experimental results are used to construct 
the dictionary. It should be noted that for any real structure, there are infinite possible structural conditions, i.e., damage patterns.
Many of damage patterns may not be accessible from tests. Under this condition, numerical model can be used to construct a 
more comprehensive data dictionary. How to use numerical model to construct a data dictionary for vibration-based damage 
identification has been discussed in [10, 11]. The construction of data dictionary for guided-wave-based method will be further 
investigated. Due to its computational efficiency and accuracy, spectral element method [4, 6] will be a good choice for numerical 
simulation.
IV. CONCLUSION
This paper reviews a newly proposed damage identification scheme based on sparse coding (DISC). The unknown signal/data
can be associated to a known type of signal/data in a “data dictionary”, which leads to damage identification. To demonstrate 
the performance of the proposed scheme using guided wave test results, a reinforced concrete slab with five steel bars of different 
de-bonding lengths was tested in laboratory. Two algorithms, namely OMP and l1-MAGIC, were used in DISC to identify de-
bonding patterns based on test data. The results show both algorithms can identify damage patterns correctly for all cases. 
However, l1-MAGIC is more suitable for online SHM system, because of its computational efficiency. DISC has proved its 
potential as a generalized tool for structural identification.
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